Feature extraction method for clock drawing test by Shigemori, Tomoaki et al.
 Procedia Computer Science  60 ( 2015 )  1707 – 1714 
Available online at www.sciencedirect.com
1877-0509 © 2015 Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license 
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
Peer-review under responsibility of KES International
doi: 10.1016/j.procs.2015.08.280 
ScienceDirect
19th International Conference on Knowledge Based and Intelligent Information and Engineering
Systems
Feature Extraction Method for Clock Drawing Test
Tomoaki Shigemoria, Zainab Harbib, Hiroharu Kawanakaa, Yulia Hicksb, Rossi Setchib,
Haruhiko Takasea, Shinji Tsuruokaa
aGraduate School of Engineering, Mie University, Japan
bSchool of Engineering, Cardiﬀ University, UK
Abstract
Recently, the number of elderly persons with dementia has been increasing. In the past, we proposed a dementia evaluation system
using daily conversations and developed the system with a conversational robot. However, the current system is not ready for
practical use because it can only evaluate time/geographical orientation and short-term memory, and some methods to evaluate
other orientations and functions is required as well. In this paper, we discuss a new dementia evaluation system using not only
daily conversations but also drawing tests. The authors employed a Clock Drawing Test (CDT) as a new dementia evaluation test
and implemented it in a tablet device. This paper discusses a feature extraction and recognition method to distinguish normal cases
from dementia cases. After evaluation experiments, the proposed method could recognize 87.6% of the clock drawing images.
c© 2015 The Authors. Published by Elsevier B.V.
Peer-review under responsibility of KES International.
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1. Introduction
Recently, the number of elderly persons with dementia has been increasing, and this trend will become one of the
biggest social (and medical) problems in Japan. Fig. 1 shows the dementia population who need living support1. This
indicates that preventing and alleviating dementia is important. To solve the problem, many studies on robot-assisted
therapies have been reported2. For instance, Kanoh et al.2 developed a robot-assisted therapy system using a conver-
sation robot. In the system, a conversation robot “ifbot” (Fig. 2), which was retailed by ifoo Inc.3, was employed for
dementia evaluation using simple conversations and quizzes. By using this system, the authors tried to prevent the
patient’s progression of dementia.
Currently, many welfare facilities employ various tests to evaluate the progression of a patient’s dementia symp-
toms. However, some elderly persons are often nervous about the tests, and consequently the tests cannot be con-
ducted acculately. Generally, these tests should be conducted without their awareness of being tested. To solve the
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Fig. 1. Dementia population in Japan.
Fig. 2. Conversation robot “ifbot”.
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Fig. 3. Summary of our purpose
problem, the authors proposed dementia evaluation methods using daily conversations4,5,6. Izutsu et al. proposed a
conversational content recognition method using a concept dictionary4. They employed Japanese WordNet as a con-
cept dictionary and proposed the method to estimate the elderly person’s conversational topics by using conceptional
structures of words. In the literature5, a dementia evaluation method using daily conversations was proposed and
evaluation experiments were conducted in welfare facilities. Nagasaka et al. proposed the method to control con-
versational topics for dementia evaluation with daily conversations6. These systems, however, are not suﬃcient for
practical use because they can evaluate time/geographical orientation and short-term memory only. Other orientations
and functions are also required for accurate dementia evaluation. Therefore, we proposed a new dementia evaluation
system using drawing tests as well as daily conversations8, and we employed drawing tests: a Clock Drawing Test
and a Graphic Drawing Test (Fig. 3).
This paper discusses a feature extraction method for a clock drawing test to classify whether the patient has demen-
tia or not. In the proposed method, we employ a Weighted Direction Index Histogram method to extract features from
the drawing images, and a Modiﬁed Bayesian Discriminant Function is used for discrimination13,14,15. By using them,
Kajiwara et al. could recognize 98.5% of schema images properly7. It is expected that the method have capability to
recognize clock images accurately. This paper also evaluates the performance of the proposed method in terms of its
accuracy and concludes by suggesting future avenues of study.
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Fig. 4. Examples of dementia images.
2. Materials
2.1. Clock Drawing Test
The Drawing Test is the tests to evaluate a patient’s progression of dementia. Some types of drawing tests are
often employed for dementia evaluation in welfare facilities. In the drawing test, facility staﬀ give writing materials
to an elderly person, who is then instructed to draw a graphic image, usually of a clock. Facility staﬀ or medical
personnel then examine the drawing and evaluate the elderly subject’s progression of dementia based on the shapes or
positions of the clock face and hands. However, these drawing tests can sometimes make the elderly person nervous.
To overcome this problem, the tests should be conducted without the subject’s awareness of being tested.
Fig. 4 shows examples of clock images drawn by patients. As you can see, features of the images are heavily
inﬂuenced by disease progression or types. Therefore, many studies on Clock Drawing Test have been reported9,10,11.
For example, Mohamed et al. proposed the feature selection method based on Feature Interaction Maximization
(FIM)9. In the literature, the authors showed how the method could select features with the higher discriminative
power that lead to a deeper understanding of the clock drawing test. Moreover, they presented a novel cascade
classiﬁer for diagnosing dementia by classifying clock images. The number of drawings was relatively high compared
similar studies10. Randall et al. proposed a Digital Clock Drawing Test using a digital pen to open up the possibility
of detecting subtle cognitive impairment even when test results appear superﬁcially normal. In this article, the authors
also developed a training program for technicians who administered the test and classify strokes11.
2.2. Employed Drawing Images
Generally, a suﬃcient number of drawing images are required for analysis. Thus we developed a CDT system
for tablet devices to collect clock images (Fig. 5). In the experiment, we asked the patients ﬁrst to draw a clock
that indicates 2:55pm. Then patients drew a clock image using an example image. The collected images were used
as experimental materials. For control images, a clock drawing test using the developed system was conducted by
students at Mie University. We collected 110 clock images which served as our healthy sample. In addition, 100 clock
images were given by Cardiﬀ University as dementia images. The details of the image set are as follows.
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Table 1. Summary of dementia images.
Disease Type # of Images
Vascular Dementia (VaD) 37
Mild Cognitive Impairment (MCI) 8
Alzheimer’s Disease (AD) 55
Fig. 5. Clock Drawing Test system using tablet PC.
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Fig. 6. Flowchart of Recognition Method
3. Methods
The objective of this study is to classify whether a person has dementia or not. Fig. 6 shows the ﬂow of the
proposed method. The schema of the proposed method is quite similar to those of other pattern recognition methods.
In the ﬁrst step, binarization, noise reduction and normalization are applied to the images as preprocessing. After
this, features are extracted from the input image and the recognition dictionary is generated by using the features.
Our method uses Weighted Direction Index Histogram13,14,15 and Modiﬁed Bayesian Discriminant Function13,14 for
feature extraction and discrimination, respectively.
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Fig. 7. Applying of WDIH
3.1. Weighted Direction Index Histogram
Weighted Direction Index Histogram (WDIH) is a kind of feature extraction method employed in commercial OCR
engines. Fig. 7 illustrates a rough image of the WDIH method. In the method, the input image is ﬁrst divided into a
7 × 7 grid of sub-regions. In the next step, the contour of the image is traced, and then the direction index histogram
in each sub-region is generated with chain codes. The obtained histogram reﬂects contour shapes of the clock image
in each sub-region. Next, the spatial weighted ﬁlter based on Gaussian distribution is applied to the histograms for
reduction of dimension. This paper determined the parameters of the ﬁlter based on the literature14. By this process,
the sub-regions are converted to 16 (4 × 4) sub-regions. Finally, a feature vector is generated by using the values of
the histograms about the converted sub-regions.
3.2. Modiﬁed Bayesian Discriminant Function
For discrimination function, we employ the Modiﬁed Bayesian Discriminant Function (MBDF). The deﬁnition of
MBDF is given by
g(x) =
k∑
i=1
{lϕiT (x −l μ)}2
lλi
+
n∑
i=k+1
{lϕiT (x −l μ)}2
lλk+1
+ ln(
k∏
i=1
lλi ·
n∏
i=k+1
lλk+1) (1)
where x denotes the n-dimensional feature vector of the input image, and lμ does the average vector of clock images l
in the dictionary. lλi and lϕi are the i-th eigen value and eigen vector of the clock image l, respectively. k is determined
by the number of learning sample m(1≤ k ≤ m, n). MBDF gives a dissimilarity between the input image and an
original clock image in the dictionary. This proposed method outputs a category (AD, VaD, MCI or Normal) with the
smallest dissimilarity as a recognition result. The parameters of the discriminant function were initially decided by
the literature13,14.
4. Experimental Results and Discussion
In this paper, we conducted evaluation experiments using the experimental materials shown in 2.2. In the experi-
ments, we used Leave-one-out Cross Validation to discuss the performance of the proposed method. The parameters
of MBDF were determined by preliminary experiment.
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Fig. 8. Examples of Mis-recognition in normal cases
Fig. 9. Examples of Mis-recognition in abnormal cases
4.1. Classiﬁcation Accuracy
Table 2 shows the summarized experimental results and Table 3 does recognition accuracies in the cases of two-
class (Normal vs. Dementia) and four-class (Normal vs. VaD vs. AD vs. MCI) classiﬁcation, respectively. In the
case of two-class classiﬁcation, sensitivity and speciﬁcity are 0.94 and 0.82, respectively. It seems that the proposed
method has suﬃcient performance for practical use.
Fig. 8 and Fig. 9 show examples of mis-recognition cases. In the case of Fig. 8, the size of the digits and the shape
of the clock hands are quit diﬀerent. This made the feature vector change drastically. As a result, these images were
not classiﬁed properly. In the case of Fig. 9, the proposed method recognized them as normal case even though they
were dementia cases. As you can see, it is diﬃcult even for human to recognize them as dementia case because they
do not have signiﬁcant diﬀerences from normal cases. To recognize them properly, additional information, such as
pen strokes, would be required. Of course, it is sometimes diﬃcult to classify them into four classes.
In Bennasar et al.10, the classiﬁcation accuracy for two category classiﬁcation normal and abnormal was 89.37%
and for four category 68.62% using single stage classiﬁer, and the value was higher than that of the proposed method.
However, the authors regarded VaD and AD as one class while in this paper VaD and AD are classiﬁed separately that
make the classiﬁcation more challenge. On the other hand, the classiﬁcation was done using 48 features developed
by the authors while in our approach only the directional feature has been used which reveal the eﬀectiveness of
our proposed feature extraction method. Of course, we cannot compare the performances of the conventional and
proposed method fairly. But the performance of the proposed method seems not so low and to have a certain level of
eﬀectiveness.
Table 2. Recognition results of each symptom
Recognition Result (k=15) Total of ImagesNormal VaD AD MCI
Te
st
Im
ag
e Normal 90 10 8 2 110
VaD 2 16 12 7 37
AD 3 23 23 6 55
MCI 1 3 2 2 8
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Table 3. Summary of classiﬁcation accuracies
# of Trials # of Success Cases Classiﬁcation Accuracy
Two Category 210 184 87.6 %
Four Category 210 131 62.4 %
4.2. Recognition Accuracy vs. k
Fig. 10 shows the relationship between recognition accuracy, indexes of Sensitivity and Speciﬁcity, and parameter
k of MBDF. In the discriminant function, the parameter means the number of eigenvalues used in the function. As you
can see, the sensitivity was improved and saturated when k was large. On the other hand, speciﬁcity was worsened
and so was accuracy. The obtained results indicate that the performance of the proposed method depends on the value
of k, and the value of k should be determined properly to obtain the best classiﬁcation performance. At the moment,
we do not have suﬃcient know-how to determine the value automatically or determine it by preliminary experiments.
More investigations and discussions about this point would be required to improve the performance of the proposed
method.
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Fig. 10. Recognition Accuracy vs. k
5. Conclusion
This paper proposed a classiﬁcation method for a Clock Drawing Test. We employed a Weighted Direction In-
dex Histogram method and a Modiﬁed Bayesian Discriminant Function for classiﬁcation. Drawing produced by
healthy/dementia persons were corrected and these were employed in the evaluation experiment. As a result of the ex-
periments, the proposed method could classify 87.6% of the input images appropriately. In addition, we also discussed
the relationship and dependency between recognition accuracies and the parameter k of MBDF.
This project has only just begun. Another dividing method will be required to improve classiﬁcation accuracy of
the proposed method. In addition, we will discuss a new evaluation method using online drawing data.
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